For training, we selected a positive data set that includes 65 proteins with disordered CREs and a negative data set that includes 54 proteins with structured CREs, 50 fully disordered proteins with no known MoRFs, and 363 MoRF-containing proteins (Table S1) . From these sets, we obtained 5,774 amino acids from disordered CREs and 326,474 amino acids from structured CREs or non-CREs. For testing, we identified 16 additional proteins with disordered CREs for the positive set. The negative set for testing consists of 16 proteins with structured CREs, two proteins (Las17 [Q12446] (Rodal et al., 2003) , WASF1 [Q92558] (Eden et al., 2002) ) that are experimentally proven not to be autoinhibited, 16 entirely intrinsically disordered proteins with no known MoRFs, and 28 MoRF sequences obtained from the TESTMem64 data set of MFSPSSMpred (Fang et al., 2013) . This test set has 1,188 amino acids involved in disordered CREs (positive) and 43,904 residues in structured CREs, MoRFcontaining sequences, or intrinsically disordered proteins with no known MoRFs (negative). The sequence identity between any proteins in the test and training set is lower than 45%. CRE-containing proteins used for testing are listed Table S2 .
The test set for CREs that are activating in their function was assembled by carrying out a literature search for "interdomain interactions" AND "activity"/"activation". We found five such proteins: CNG (Varnum and Zagotta, 1997), Sirt1 (Kang et al., 2011; Pan et al., 2012) , CFTR (Bozoky et al., 2013; Ostedgaard et al., 2003) , Stat3 (Zhang et al., 2002) , and AR (Schaufele et al., 2005) ( Figure S2D ). Intramolecular interactions that are transient, important for function and not (auto)inhibiting are very difficult to find. They are often classified as "interdomain interactions", whereby the interactions are between different "domains" of the same polypeptide chain. "Domains" here refers not necessarily to independently folded domains but rather sequence segments that are functionally relevant.
Features selected for the linear regression model
In order to train the multiple linear regression model, we used a positive training set that contains proteins with intrinsically disordered autoinhibitory modules (AIMs) and a negative training set that consists predominantly of intrinsically disordered protein segments that harbor molecular recognition features (MoRFs). Therefore, several features were selected during training that mainly distinguish CREs from MoRFs. Among them are phosphorylation sites and splicing sites. Both these features are significantly more frequent in the CREs of the positive training and test sets than in the MoRFs of the negative sets ( Figure S1C ). Phosphorylation is used as a key regulator of the activity of many CREs, but has also been found to regulate the binding of MoRFs. However, a larger number of phosphorylation sites in CREs may be necessary for signal integration from multiple partners (kinases) and the generation of different types of signal responses, whereby multiple phosphorylation events may allow reaching an (in)activation threshold (switch function) or generate a gradual shift in the activity (rheostat) (Serber and Ferrell, 2007; Yu et al., 2010) . The alternative splicing of CREs may allow for time-and tissue-specific regulation of the activity of the CRE (Lareau et al., 2004) . In addition, changes in the composition and length of the CRE via alternative splicing can change the binding affinity in cis and, thereby, modulate how "strong" the regulatory impact of the CRE is at basal level (Buck et al., 2004) .The selection of intrinsic disorder and various dipeptide sequences, of which half contain charged or polar residues, is consistent with the higher level of intrinsic disorder in CREs compared to MoRFs ( Figure S1C) . A high level of intrinsic disorder is advantageous for the large conformational changes that go along with the transition from the cis-bound to the unbound CRE. Stretches of charged residues in the CREs are also likely to play an important role in the steering of the intramolecular association (Hemsath et al., 2005; Wong et al., 2013) . Consistent with this idea, the minimum net charge difference between CREs and other sequence windows in the same proteins is significantly smaller than the minimum net charge difference between MoRFs and other sequence windows ( Figure S1D ). The minimum net charge difference is the smallest charge difference that is found between a CRE or MoRF and sequence windows of 15 residues in the same protein. Hence, a minimum net charge difference close to or equal to 0 indicates that a CRE or MoRF has a "complermentary" sequence window in the same protein that has the opposite net charge.
Finally, it is important to note that predicted MoRF sites were not selected as a feature for the final multiple linear regression model. Given that CREs are often also binding to partners in trans, most likely via MoRFs, this result may initially come as a surprise. Parts of these MoRFs are sometimes also involved in the interactions in cis. Calmodulin-dependent kinases serve as a good example, where the CRE inhibits the kinase, and binding to calmodulin activates the kinase. Binding to calmodulin is mediated by a MoRF that overlaps with the CRE. However, MoRFs, as stated above, are part of our negative set in order to distinguish CREs from elements in intrinsically disordered protein segments that mediate interactions in trans. As a consequence, predicted MoRF sites were not selected for the model. In addition, MoRFs are predicted by current methods in many intrinsically disordered segments (see Comparison with motif predicting methods in the main text), which may lead to large numbers of false positive CRE hits when included in a model. It has to be stressed that the MoRFs in our negative set are slightly better delimited and defined than the CREs, because the MoRFs were only selected based on available structures (PDBs) of heteromeric complexes. This means that the MoRFs are likely to contain mainly the hydrophobic sequence parts that interact with partners in trans and less of the surrounding intrinsically disordered protein segments when compared to the CREs. This difference may explain why CREs are less hydrophobic than MoRFs ( Figure S1C) . Alternatively, the lower number of hydrophobic residues in CREs and a higher number in disorder-promoting ones ( Figure S1C ) may be related to the tuning of interactions in cis. Long hydrophobic stretches that can increase binding affinity may not always be necessary in CREs (or even not desired) due to their high effective local concentration. Further studies are required to explain these differences between CREs and MoRFs in detail. In any case, Cis-regPred is identifying segments that overlap with MoRFs but are enriched in the distinct features described above.
The source code of Cis-regPred and instructions for how to install required third-party software suites can be found in the Supplemental Data file "Data S1" SUPPLEMENTAL FIGURES Figure S1 . AUC of training data sets, cross-validation sets and test data sets as a function of increasing feature numbers, and feature comparison between CREs and MoRFs in the combined training and test data sets. (Related to Figure 1) (A and B) Per-residue AUC and per-protein AUC values are shown in A and B, respectively. During 10-fold cross validation, the training data set was divided 10 times into 10 different data sets. 9 data sets were used to train a classifier and the remaining set for cross-validation. a (blue curve): The classifier was evaluated on the 9 training data sets used to train it. b (green curve): The classifier was evaluated on the remaining cross-validation sets. c (yellow curve): The classifier was evaluated on the test data sets, which are independent form the training and cross-validation sets. For this analysis, we used a window size of 15, which is the window size used in Cis-regPred. (C) Frequencies of phosphorylation sites, splicing sites, disordered residues, and hydrophobic residues per module (CRE or MoRF) are shown (mean ± SE). As modules have different lengths, the frequencies were normalized by the length of the modules. (D) Minimum net charge difference score (mean ± SE). The difference in net charge between two sequence windows in a protein defines the net charge difference score. The minimum net charge difference score is the lowest charge difference score calculated between a CRE or MoRF and any sequence window in the same protein. A minimum score close to or equal to 0 means that there exists a sequence window that has charges that are opposite to those present in the CRE or MoRF. For this analysis, we fixed the window size at 15, which is the window size used by CisregPred. (t-test, ** denotes p-value < 0.0001) Table S1 . CRE-containing proteins used to train Cis-regPred. See the file Table S1 .xlsx (Related to Figure 1 ) (Linding et al., 2003) , and the other scores were calculated with parameters from (Chen and Jeong, 2009).
SUPPLEMENTAL TABLES

Net charge difference (1)
Minimal charge difference between two windows that possess charged residues If a given window does not possess any charged residues, the score is -1. Otherwise, searches for windows possessing charged residues and assigns the absolute minimum charge difference between that of the given window and any of the identified windows. Assigns 1 to the residues in an identified region, otherwise 0. These regions were predicted by using pfilt (Jones and Swindells, 2002) .
Splicing (1) 1 if the residue is spliced out in other isoforms, otherwise 0. Isoform sequences were obtained from UniProt.
PSI-BLAST (2)
Information per position Obtained from position-specific scoring matrix (PSSM) (Altschul et al., 1997) . PSSM was built by using PSI-BLAST shipped with PredictProtein (Yachdav et al., 2014 (Yellaboina et al., 2011) .
Protein-level feature types
A score is calculated using the whole protein sequence so that every sliding window has the same score. This is to capture the global feature of autoinhibited proteins. 
Name
